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Background: Students and junior residents often rely on subjective methods and evaluations to learn
medical interviewing. Although facial expressions correlate with therapeutic outcomes, no study has
systematically analyzed facial expressions in medical education. This study aimed to investigate the dif-
ferences in facial expressions between senior physicians and junior residents during medical interviews
using an artificial intelligence (Al)-based facial expression analysis tool.

Methods: Healthcare professionals at the Dokkyo Medical University Saitama Medical Center were re-
cruited between November 2017 and October 2018. The medical interview duration was compared be-
tween junior and senior physicians. Facial emotions were analyzed using “Kokoro Sensor,” an Al-based
tool that classifies facial expressions into seven emotions—anger, contempt, disgust, fear, joy, sadness,
and surprise—based on the proportion of frames classified as each emotion.

Result: Thirteen physicians participated, resulting in 20 video recordings from 8 junior residents and 19
from 5 senior physicians. The mean interview time was 18.95 + 8.959 minutes for junior residents and
11.79 + 8.073 minutes for senior physicians (p = 0.004). The percentage of time physicians” faces were
recognized by the Kokoro Sensor (indicating when doctors looked at patients) was 9.4% for junior resi-
dents and 21.6% for senior physicians (p = 0.012). Emotional analysis showed a significant difference in
the expression of surprise: 4.9% for junior residents and 15.9% for senior physicians (p = 0.011).
Conclusion: Facial emotion analysis revealed differences in facial expressions between junior residents
and senior physicians during medical interviews. The findings suggest that an Al-based facial expres-
sion analysis tool can be used in education for both students and residents.

(J Nippon Med Sch 2026; 93 (2): 190-196. https://doi.org/10.1272 /jnms.JNMS.2026_93-213)
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Introduction
Recent advancements in information technology have led
to the development of image-based evaluation software
that is widely applied across multiple fields, including
consumer behavior analysis and training programs
aimed at improving communication skills"’. Initially de-
veloped in the United States, facial expression recogni-
tion software has evolved rapidly with advances in com-

puter processing power and video capture technology.

Current applications include adaptive gaming systems
responsive to user affect’, tools for assessing viewer en-
gagement with commercial media‘, and programs for en-
hancing nonverbal communication skills in professional
training’.

However, in the medical field, the integration of video
informatics, including artificial intelligence (AI), remains
relatively limited despite its growing potential. A limited

but increasing body of literature demonstrates that facial
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expression patterns may serve as clinically relevant indi-
cators of mental health. For example, early studies using
facial electromyography found that facial activity during
initial clinical interviews could predict treatment out-
comes in patients with depression’. More recent investi-
gations using both manual and automated analysis tech-
niques have shown that positive facial expressions, such
as smiles, increase throughout a successful treatment of
depression’. Similarly, in populations with eating disor-
ders, those who recovered exhibited significantly more
positive facial expressions than those still experiencing
symptoms’. Notably, no studies have systematically ana-
lyzed facial expressions in the context of medical educa-
tion, highlighting a critical gap in the literature.

Facial expressions play a crucial role in nonverbal com-
munication during medical encounters. Mast’ have dem-
onstrated that the frequency of physicians’ smiles is posi-
tively correlated with patient satisfaction, highlighting
the impact of subtle facial cues on the clinical experience.
Furthermore, a meta-analysis by Zolnierek and Di-
Matteo found that physicians’ communication skills,
which include nonverbal elements such as facial expres-
sions, are significantly associated with improved patient
adherence to treatment. In a recent study involving simu-
lated patients, Schneider et al." reported that the pres-
ence of Duchenne smiles by medical students was associ-
ated with higher ratings of communication quality and
patient comfort. Taken together, prior research highlights
the clinical and educational significance of facial expres-
sions, yet no studies have systematically analyzed physi-
cians’ facial expressions during real medical interviews.
This represents a notable gap in the literature. We hy-
pothesized that physicians’ facial expressions during
medical interviews would differ according to their level
of clinical experience, with more experienced physicians
demonstrating distinct patterns of emotional expression
compared with junior residents.

This study investigated differences between facial ex-
pressions exhibited by junior residents and senior physi-
cians during medical interviews. The following key pa-
rameters were analyzed: mean interview duration,
patient-facing time, facial valence, and emotion-based ex-

pression profiles.

Materials and Methods
Participants and Study Period
Senior physicians and resident physicians in the Depart-
ment of General Medicine, Dokkyo Medical University

Saitama Medical Center, who provided consent, were re-
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cruited between November 2017 and October 2018. Only
first-visit patients who provided informed consent were
included. No disease-specific criteria were used. Written
consent was obtained from the staff and resident physi-
cians after the study was explained to them by the re-
search team. Patient consent was obtained in written
form after an explanation by the senior physicians.

This study was approved by the Ethics Committee of
Dokkyo Medical University Koshigaya Hospital (Ap-
proval No. 1741) and by the Ethics Committee of Nippon
Medical School (Approval No. A-2020-031) in accordance
with the principles of the Declaration of Helsinki.

The principal investigator obtained renewed ethical ap-
proval (Approval No. A-2020-031) with the aim of ex-
panding participant recruitment. However, the onset of
the COVID-19 pandemic shortly thereafter prevented ad-
ditional data collection. Consequently, all participants in-
cluded in this study were recruited exclusively from
Dokkyo Medical University Saitama Medical Center, en-
suring that no mixed institutional settings influenced the

study results.

Video Recording and Editing

The patients were equipped with a neck-mounted iPod
touch holder for an iPod touch model A1367 for video
recording. Recordings started before the beginning of the
medical interview and ended after the consultation. Sub-
sequently, Wondershare version 8.1.0 was used for edit-
ing to include the time from the start of the interview to

the start of the physical examination.

Interview Duration

The interview duration was defined as the time from the
start of the interview until the start of the physical ex-
amination. This period included the time spent typing on
a keyboard and engaging in conversations unrelated to

the patient’s condition.

Emotion Recognition Al

Kokoro Sensor (Version 1.1.0.0) is an Al-based facial ex-
pression analysis tool that uses deep learning algorithms
informed by the Facial Action Coding System (FACS), a
widely accepted anatomical framework for identifying fa-
cial muscle movements. FACS, originally developed by
Ekman and Friesen, provides a standardized method for
coding facial action units that correspond to specific
muscle activations and has remained the foundational
structure for most contemporary facial expression recog-

nition technologies”. Recent reviews have emphasized
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that although modern AI models have advanced in com-
putational efficiency and training data availability, they
continue to rely on FACS-derived representations to clas-
sify facial expressions and interpret emotional states™".
In this study, seven core emotions were quantified using
FACS-based action units detected by the Kokoro Sensor,
enabling reproducible and anatomically grounded emo-
tional analysis.

Seven emotions were identified using Kokoro Sensor.
The system operates on a PC equipped with a camera
and automatically generates emotion values after image
analysis, requiring no specialized expertise. Each emo-
tion—sadness, happiness, anger, surprise, fear, disgust,
and contempt—was detected based on deep learning al-
gorithms incorporating FACS and assigned numerical
values ranging from 0 to 100 for each video frame. In
this study, the presence of emotions was considered for
values of 50 or higher.

For emotion analysis, the proportion of each emotion
was calculated by dividing the number of frames with a
value > 50 for each emotion by the total number of
frames with emotion values > 50. Emotional valence was
quantified on a continuous scale ranging from -100 to
+100. For categorical analysis, the valence values were
classified into the following five levels:

Strong positive: valence > +80

Mild positive: +20 < valence < +80

Neutral: —20 < valence < +20

Mild negative: —80 < valence < -20

Strong negative: valence < —-80

The percentage of each valence category was calculated
by dividing the number of frames in that category by the

total number of frames for facial recognition.

Patient-Facing Time

Patient-facing time was defined as the percentage of
video frames in which the physician’s face was detected
and analyzed by the Kokoro Sensor. It was set to analyze
facial expressions only when the physician’s face was ori-
ented toward the patient. Therefore, the number of
frames in which the facial expression was analyzed was
divided by the total number of frames during the medi-
cal interview to calculate the percentage of time spent
facing the patient. This percentage was defined as the ratio

of the physician’s facial orientation toward the patient.
Statistical Analysis

The Shapiro-Wilk test was used to assess the normality

of the distributions. If normality was not confirmed, a
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non-parametric method, specifically the Mann—Whitney
U test, was employed for group comparisons. Statistical

significance was set at p < 0.05.

Results

Participants

Thirteen physicians participated in this study, comprising
five senior physicians and eight junior residents, and 39
video recordings were analyzed. The experience of the
senior physicians ranged from 3 to 11 years. The senior
physicians included in this study had diverse but rele-
vant clinical backgrounds. One male physician had 11
years of clinical experience and was board-certified in in-
ternal medicine and infectious diseases. He was affiliated
with a university hospital and actively engaged in clini-
cal practice, medical education, and research. Another fe-
male senior physician with 11 years of experience was
board-certified in internal medicine, cardiology, and dia-
betology. She worked at a university hospital with re-
sponsibilities in education, research, and clinical care. A
third senior physician had 3 years of post-graduate expe-
rience and was primarily dedicated to outpatient clinical
practice, including the supervision and training of junior
residents. Despite variations in their specialty back-
grounds, all senior physicians routinely conducted medi-
cal interviews in general medicine settings, ensuring the
comparability of their communication skills for the pur-
poses of this study. All junior residents were in their first
year of clinical training. All sessions were conducted dur-
ing initial medical interviews in the Department of Gen-

eral Medicine.

Interview Duration

The mean interview duration was significantly longer for
junior residents (18.95 + 8.95 minutes) than for senior
physicians (11.79 + 8.07 minutes) (p < 0.05; Figure 1).

Patient-Facing Time

The analysis revealed that junior residents had an aver-
age patient-facing time of 9.4% (3,543 frames), whereas
senior physicians” was 21.6% (4,009 frames) (p < 0.05;
Figure 2).

Comparison of Expressiveness and Valence

Senior physicians demonstrated lower overall facial ex-
pressivity and a predominantly neutral emotional va-
lence, whereas junior residents displayed a wider range
of emotional expressions, both positive and negative

(Figure 3).
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Figure 1 Mean interview duration

The mean interview duration was significantly longer for
junior residents (18.95 + 8.95 minutes) than for senior physi-
cians (11.79 + 8.07 minutes).

*p = 0.04 (p<0.05).
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Figure 2 Patient-facing time analysis

The analysis of patient-facing time revealed that ju-
nior residents had an average patient-facing time of
9.4% (3,543 frames), whereas senior physicians” was
21.6% (4,009 frames).

*p = 0.012 (p<0.05).
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Figure 3 Comparison of expressiveness and valence
There is no significant difference between the groups.

Emotion Analysis

Regarding individual emotions, junior residents showed
more joy, fear, and disgust, whereas senior physicians
displayed surprise, sadness, and contempt more fre-
quently. Anger was rarely observed in either group. A
statistically significant difference was found in the ex-
pression of “surprise,” which was notably more frequent
among senior physicians (4.93 + 16.0% in junior residents
and 15.9 + 26.9% in senior physicians) (p < 0.05; Figure
4).

Discussion
Facial expressions are increasingly recognized as relevant
indicators of clinical diagnosis and patient interaction as-

sessments. Previous studies have shown that patients
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with conditions such as anorexia nervosa, autistic spec-
trum disorder, depression, and Parkinson’s disease ex-
hibit distinct facial expression patterns that correlate with
disease characteristics and progression”*'*".

In this study, the medical interview duration was nota-
bly longer among junior residents than it was among
senior physicians. These findings indicate that experi-
enced clinicians obtain patient information more effi-
ciently through targeted questioning and well-developed
communication skills, reflecting their advanced inter-
viewing competence. Similarly, the higher patient-facing
time observed among senior physicians likely reflects
more patient-centered communication patterns, consistent
with prior literature on expert—novice differences in clini-

cal interviewing”. However, the lower patient-facing time
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Emotional analysis
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A statistically significant difference was found in the expression of “surprise,”

which was notably more frequent among senior physicians (4.93 + 16.0% in junior

residents and 15.9 + 26.9% in senior physicians).

*p =0.011 (p<0.05).

among junior residents also warrants consideration. Sev-
eral factors may contribute to this finding. First, junior
residents often require more time to operate the elec-
tronic medical record (EMR) system during consultations,
which may reduce the amount of time they are able to
face the patient directly. Second, the cognitive load asso-
ciated with formulating diagnostic hypotheses, planning
questions, and simultaneously documenting information
may require frequent shifts of attention away from the
patient. In contrast, senior physicians may perform EMR
documentation more efficiently, allowing them to main-
tain visual engagement with patients for longer periods.
While these explanations cannot be confirmed from our
dataset alone, they represent plausible contributors and
highlight the importance of integrating communication
training with EMR-use skills in early post-graduate edu-
cation.

Interestingly, although valence analysis did not yield
significant differences between the groups, emotional
analysis revealed a significant variation in the frequency
of “surprise” expressions. Senior physicians displayed
the expression of surprise more frequently than junior
residents, despite our initial assumption that less experi-
enced clinicians would show stronger emotional reac-
tions. The higher frequency of surprise expressions
among senior physicians should be interpreted with cau-
tion. Because facial expressions are influenced by multi-
ple contextual, interpersonal, and situational factors, the
underlying reason for this difference cannot be deter-
mined from our data. Rather than reflecting specific cog-

nitive processes, such as the recognition of unexpected
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patient responses, this finding may represent natural
variability in facial expressiveness across individuals and
clinical encounters. Future studies incorporating qualita-
tive analysis or synchronized contextual annotation
would be required to clarify the potential meaning of
these expressions. Alternatively, this finding may be an
artifact of specific scenarios in the medical interviews re-
corded in this study.

Facial expression analysis software can objectively
quantify facial expressions, which are key components of
nonverbal communication. In Japanese medical educa-
tion, the teaching of nonverbal communication has tradi-
tionally relied on experiential learning, leading to vari-
ability in instruction across institutions. This inconsis-
tency has been highlighted as a limitation in objective
structured clinical examinations®. By enabling the quanti-
fication of nonverbal communication behaviors, such
technologies provide a pathway toward more objective
and standardized assessments”.

This advancement is expected to shift the current para-
digm of medical education, which used to depend heav-
ily on subjective experiences. This study demonstrated
the potential of Al-based software for facial expression
recognition, such as the Kokoro Sensor, to objectively
quantify emotional responses and communication behav-
iors. These tools can provide novel methods for evaluat-
ing clinical communication skills, particularly in the con-

text of training medical students and residents.

Limitations

This study has limitations. First, the relatively small sam-
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ple size of the physicians and recorded medical inter-
views may have restricted the generalizability of the
findings. Thus, the results may not be representative of
all clinical settings, specialties, or levels of physician ex-
perience.

Second, all the medical interviews were conducted in
the Department of General Medicine and involved only
first-visit patients. This departmental and clinical context
may influence communication dynamics and limit the
applicability of the findings to other medical specialties
or follow-up settings.

Third, while the use of an Al-based facial expression
recognition system allows for objective analysis, the accu-
racy of such systems can vary depending on factors such
as lighting conditions, camera angle, and individual fa-
cial characteristics. Additionally, AI does not consider
contextual or cultural nuances in emotional expression,
which may result in the misclassification or underestima-
tion of certain affective states. Further validation with
larger and more diverse samples and improved Al mod-
els is warranted.

Fourth, the study data were collected in 2017-2018, us-
ing an earlier version of the emotion-recognition tool. Al-
though both physician groups were analyzed using the
same system, changes in clinical communication prac-
tices, workflow environments, and technological develop-
ment over time may limit the generalizability of the find-
ings to current clinical settings.

Fifth, the interview recordings were not fully inde-
pendent, as several interviews were conducted by the
same physician. This clustering may introduce within-
physician correlation, which is not accounted for by the
Mann-Whitney U test used in our analysis. As a result,
the p-values may be underestimated, leading to overesti-
mation of statistical significance. Future studies should
apply statistical methods that appropriately address re-
peated measures or hierarchical data structures, such as
mixed-effects models, generalized estimating equations,

or cluster-robust variance estimators.

Conclusion
This study employed a video-based analysis of physi-
cians’ facial orientation and facial expressions during
medical interviews. The findings highlight a discrepancy
in patient-facing time between senior and junior physi-
cians, with the former showing greater eye contact and
conducting more efficient interviews. Al-based systems
for recognizing facial expressions have proven to be a vi-

able tool for quantifying differences in facial expressions

J Nippon Med Sch 2026; 93 (2)

between junior and senior physicians. The findings sug-
gest that Al-based technologies can be integrated into
medical education to objectively assess communication
skills and facilitate personalized training. However, fur-
ther validation in a broader clinical setting is required to

confirm our findings.
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